Functional MRI (fMRI) can detect blood oxygenation level dependent (BOLD) hemodynamic responses secondary to neuronal activity. The most commonly used method for detecting fMRI signals is the gradient-echo echo-planar imaging (EPI) technique because of its sensitivity and speed. However, it is generally believed that a significant portion of these signals arises from large veins, with additional contribution from the capillaries and parenchyma. Early experiments using diffusion-weighted gradient-echo EPI have suggested that intra-voxel incoherent motion (IVIM) weighting inherent in the sequence can selectively attenuate contributions from different vessels based on the differences in the mobility of the blood within them. In the present study, we used similar approach to characterize the apparent diffusion coefficient (ADC) distribution within the activated areas of BOLD contrast. It is shown that the voxel values of the ADCs obtained from this technique can infer various vascular contributions to the BOLD signal.
Introduction
The development of functional MRI [1] [2] [3] [4] [5] [6] (fMRI) has given neuroscientists a new powerful tool to non-invasively detect neuronal activation. Because the observed hemodynamic responses are secondary to neuronal activity, they are generally believed to provide a good spatial measure of the location of the activated brain areas. However, the detected fMRI signals were based on the blood oxygenation level dependent (BOLD) contrast [7] , thus they could arise from vasculature of all sizes; some of them could be distant from the neuronal activity. Therefore, understanding the origins of these signals is important in determining the true spatial relationship between the observed fMRI signals and the neuronal activities. In the past decade, although functional MRI (fMRI) has seen extensive development in its application in neuroscience, the spatial accuracy of the BOLD signal localization remains questionable because of confounding signals from relatively distant vasculature.
The present study was designed to assess the functional signal components according to their apparent mobility within the activated areas using the traditional BOLD contrast. Such an assessment is made possible by using an interleaved diffusion weighting method with various b factors to allow derivation of the ADCs while assessing BOLD activation. Isotropic diffusion weighting was used to achieve a consistent measure of the apparent diffusion coefficients independent of the patient orientation. To gain better sensitivity, the study was carried out on a 4T MRI scanner.
Methods
It is well known that diffusion weighting can be used to selectively attenuate MR signals from proton pools undergoing diffusion process. The signal attenuation is governed by the equation
where So is the original signal, S the signal after attenuation, D the apparent diffusion coefficient (ADC) and b the diffusion weighting factor. The ADC indicates the mobility of the proton pools. The b factors of the diffusion weighting are dependent on the duration of the weighting time and the amplitude of the weighting gradients. In principle, they are proportional to the cube of the time and the square of the gradient amplitude. Equation [1] indicates that more signal attenuation will be resulted from larger D and b factors. By fitting the images without and with diffusion weighting, ADCs can be obtained which may reflect the mobility.
To ensure spatially homogeneous attenuation of the signal from the brain tissue that is independent of the subject orientation, an isotropic diffusion weighting method was used [9] . The isotropic diffusion weighting gradients were embedded into a gradient-recalled spiral imaging sequence [11, 12] . The use of spiral acquisition allowed us to achieve large b factors without using excessively long echo time in that spiral imaging starts data acquisition from the center of k-space. The final pulse sequence was implemented on a General Electric 4T whole-body MRI scanner (Milwaukee, Wisconsin) running on the LX platform.
Functional signal was generated using a simple motor paradigm of finger opposition. Subjects were instructed through the scanner audio interface to bilaterally and sequentially tap their fingers, starting with a resting state, for three and a half on/off cycles while the time-course volumes were acquired continuously (at a rate of one volume per second). Each volume contained five axial slices of a 64 ϫ 64 matrix at FOV of 24 cm through the motor cortex. A total of 210 volumes were acquired in each run of three minutes and thirty seconds duration at the TR of 1 s and TE of 50 ms.
In order to dynamically visualize the contributions from different vessels, a ramped diffusion-weighting scheme was adopted. That is, the b factors of the diffusion weighting were cyclically varied from one acquisition to the next so that the MR signals were attenuated in a cyclic fashion. The b factors for diffusion weighting were varied cyclically between three values in the three-second cycle: 0, 114 and 229 s/mm 2 . A total of seventy such cycles was acquired for each run. Four runs were acquired for each subject, which were then averaged together to gain statistical power. Because a dynamic run was acquired that contains many such cycles, the attenuation would result in cyclic fluctuations of the signal. Consequently, MR signal from proton pools of high mobility (e.g., large vessels) would be manifested as large fluctuations in the signal time course at the imposed diffusion-weighting cycling frequency, which was one cycle per every 3 acquisitions. Since the acquisition rate/TR was one acquisition per second, the temporal frequency of this cycling was one cycle per every three seconds.
The dynamic time-course images of the cycling diffusion weighting can be sorted based on the b factors. That is, for each given b factor, a separate time course can be used to assess the effect of that diffusion weighting on the functional signal. Note, then, that for the samples with a b factor of zero, the time course is entirely based on the BOLD contrast. Activated areas based on the BOLD time courses were found via a multiple regression algorithm, which can also effectively remove the linear drift commonly seen in the time course. Within the activated areas indicated by the BOLD contrast (i.e., using the BOLD activation as a mask), the mean ADC value for each pixel across all the runs was also calculated. This information allows the categorization of the BOLD signal origin based on different mobility, which can be used, in turn, to infer various vascular origins. Within the BOLD activated areas, ADCs were obtained for each pixel. These pixels were then pseudo-colored based on their ADC values.
All images were acquired in the form of raw data (i.e., data before Fourier transformation), which were transported to an SGI Octane workstation (Mountain View, California) for off-line reconstruction. A regridding algorithm in the k-space was used to interpolate the data to Cartesian space, and a standard fast Fourier Transform was then performed to arrive at the final images. All images were concatenated into volume format, and time courses were analyzed on a pixel-by-pixel basis.
Results and discussion
Six subjects were recruited under written consent approved by the Institute Review Board of the Duke University. All experiments were carried out at 4T whole-body MRI scanner (GEMS, Milwaukee, Wisconsin).
A typical data set with the ramped diffusion weighting is presented in Fig. 1 . The images are shown in (a) and the time courses from a given region of 25 voxels (indicated as a red square in (a)) in primary motor cortex are shown in (b). Because of the cyclically varied diffusion weighting during each run, the mobility of the proton pools is clearly manifested as rapid cyclic fluctuations of the time course (one period every three seconds). The more mobile a particular proton pool is, the larger this fluctuation would be in the time course, which can be clearly seen in the representative 25-pixel array taken from the motor cortex. In principle, protons pools can be approximately divided into the following groups: [1] non-activated large vessels (e.g., pixel 16), with large fluctuations at the high (i.e., diffusion-cycling) frequency (one cycle per every 3 sec), but with no variation at the lower (i.e., task-cycling) frequency (one cycle every 60 sec), [2] non-activated small vessels (e.g., pixel 13), with small high-frequency diffusion related fluctuations and no task-frequency variation, [3] non-activated parenchyma (e.g., pixel 10), with very small high-frequency fluctuations and no task-frequency variation, [4] activated large vessels (e.g., pixel 23), with large high-frequency fluctuations AND large task-frequency variation, [5] activated small vessels (e.g., pixel 24), with small high-frequency fluctuations but large task-frequency variation, and [6] activated parenchyma (e.g., pixel 25), with very small high-frequency fluctuations but large task-frequency variation. It is evident that partial volume effects will complicate the interpretation of activity in small vessels-that is, a mixture of large vessel and parenchyma proton pools may lead to an appearance that resembles the small vessels. Further investigation using higher spatial resolution would reduce this partial volume effect and help to achieve finger categorization. However, if these clusters of pixels surround an identified large vessel (areas colored in blue), it is likely that these areas are contaminated by partial volume effect. Activated pixels that have no large vessel in the vicinity would more likely arise from capillary origins.
A multiple regression algorithm was run on the samples in the EPI time course that had no diffusion weighting (i.e., the b ϭ 0 samples). Regressors containing the activation paradigm and linear function were used to obtain the BOLD activation maps while effectively removing the linear drifts. Fig. 2(a) shows the activated pixels based on the BOLD contrast from these data. Within the activated areas based on the BOLD contrast, the mean ADCs were calculated. Three pools were inferred in this report, based on previously reported apparent diffusion coefficients [10, [13] [14] [15] . The activated pixels with apparent diffusion coefficients of less than 0.8 ϫ 10
Ϫ3 mm 2 /s were considered to be of parenchyma origin, the pixels with diffusion coefficients of more than 2.2 ϫ 10 Ϫ3 mm 2 /s were considered to be from large vessels, while everything in between was treated as small vessels, CSF, or a mixture of large vessels and parenchyma. The cut-off value for the lower limit for this categorization was based on the diffusion coefficients of the parenchyma, which is in general smaller than 0.8 ϫ 10 Ϫ3 mm 2 /s. The upper limit is based on the diffusion coefficient of CSF (similar to free water), which is approximately 2.2 ϫ 10 Ϫ3 mm 2 /s, and thus pools with diffusion coefficient larger than 2.2 ϫ 10 Ϫ3 mm 2 /s were treated as large vessels. On average across all subjects, under such a categorization scheme, it was calculated that 18.6% of the total activated pixels were from large veins, 62.4% from small vessels (including capillaries) and CSF (because of its medium ADC value), and 19% from parenchyma. Note that the compartment that is labeled small vessels and CSF could also contain mixture of the parenchyma signal. Fig. 2(b) shows a representative example of such characterization with activated pixels in Fig. 1 . Spiral images using isotropic diffusion weighting in the presence of cyclically varying b factors. The times courses over 210 seconds were taken from a 25-pixel array indicated in the red square in the image. The high-frequency signal oscillation (at 0.33 Hz) is caused by the cyclically varying diffusion weighting, whereas the much lower frequency variation (low frequency envelope) is caused by the task alternation between finger-tapping and rest every 30 sec. The different amplitudes seen for signal variations at these two frequencies reflect the different contributing proton pools for each pixel.
color, with likely large-vessel contribution shown in blue, that from parenchyma in red, and that from small vessels in yellow. A more detailed breakdown of the specific components may require better spatial resolution and finer steps of diffusion weighting b factors.
To validate the categorization of the large vessels using the diffusion weighting method, an MR angiogram was taken at the same location shown in Fig. 2(c) . Since the pial arteries and veins usually run next to each other, the location of large arteries corresponds well with that of large veins. The good spatial agreement between the large vessels in MR angiogram and the blue clusters in Fig. 2(b) indicates that the diffusion weighting method could be useful in categorizing BOLD signal with vascular origins.
This initial report demonstrates the possibility of providing good knowledge of the vascular origins of the functional signal and quantitation of the relative contribution from the various proton pools. For example, the activated areas immediately surrounding a blue cluster are likely due to the extra-vascular BOLD effect of a large vein in the surrounding parenchyma. This observation is not possible by the conventional use of the diffusion weighting methods that simply crush only the intra-vascular signal from the large veins. It is also seen that pixels from the large vessels do not necessarily show large BOLD signal, evidenced by the spatial decoupling between the pixels of high BOLD signal and pixels of high diffusion coefficients. Excluding the contributions from the large vessels and their surrounding areas, it is evident that the capillary and parenchyma contributions are significant at 4T. program on which the diffusion-weighting imaging sequence was built. The authors also wish to thank the finan- 
